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Abstract

Background: Mixed reality (MR) devices providereal-time environmentsfor physical-digital interactions across many domains.
Owing to the unprecedented COVID-19 pandemic, MR technologies have supported many new use cases in the heath care
industry, enabling social distancing practicesto minimizetherisk of contact and transmission. Despite their novelty and increasing
popularity, public evaluations are sparse and often rely on social interactions among users, devel opers, researchers, and potential
buyers.

Objective: The purpose of this study isto use aspect-based sentiment analysis to explore changes in sentiment during the onset
of the COVID-19 pandemic as new use cases emerged in the health careindustry; to characterize net insights for MR devel opers,
researchers, and users; and to analyze the features of HoloLens 2 (Microsoft Corporation) that are helpful for certain fields and
purposes.

Methods: To investigate the user sentiment, we collected 8492 tweets on awearable MR headset, HoloLens 2, during the initial
10 months sinceitsreleasein late 2019, coinciding with the onset of the pandemic. Human annotatorsrated the individual tweets
as positive, negative, neutral, or inconclusive. Furthermore, by hiring an interannotator to ensure agreements between the annotators,
we used various word vector representations to measure the impact of specific words on sentiment ratings. Following the sentiment
classification for each tweet, we trained a model for sentiment analysis via supervised learning.

Results. Theresultsof our sentiment analysis showed that the bag-of-words tokeni zing method using arandom forest supervised
learning approach produced the highest accuracy of the test set at 81.29%. Furthermore, the results showed an apparent change
in sentiment during the COVID-19 pandemic period. During the onset of the pandemic, consumer goods were severely affected,
which aligns with a drop in both positive and negative sentiment. Following this, there is a sudden spike in positive sentiment,
hypothesized to be caused by the new use cases of the device in health care education and training. This pandemic also aligns
with drastic changes in the increased number of practical insights for MR developers, researchers, and users and positive net
sentiments toward the HoloLens 2 characteristics.

Conclusions: Our approach suggests a simple yet effective way to survey public opinion about new hardware devices quickly.
The findings of this study contribute to a holistic understanding of public perception and acceptance of MR technologies during
the COVID-19 pandemic and highlight several new implementations of HoloLens 2 in health care. We hope that these findings
will inspire new use cases and technological features.
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Introduction

Background

Theredeaseof new virtua redlity (VR), augmented reality (AR),
or mixed reality (MR) devices €licits a global conversation
between VR, AR, and MR devel opers and users through social
media. Such public views may significantly influencethe future
purchases of potential customers including users, developers,
and researchers. Thus, it is essentiadl and meaningful to
investigate these views about their usage. This was especially
crucia during the unprecedented COVID-19 pandemic, when
MR technologies enabled socially distanced education and
training in the health care industry. Furthermore, such
viewpoints inspire new use cases, which influence health care
policy interventions. This investigation offers insights into
potential application areas, strengths and weaknesses, and
product improvementsfor future releases. Theseinsights derived
from consumer perceptions serve as feedback for the curators
to experiment and enhance product capabilities and expand on
new use cases inspired by the pandemic.

Previous studies have evaluated the usability and sentiment of
VR, AR, and MR headsets[1-3], but there are some limitations.
First, thereisalack of evaluations that analyze the usability of
sentimentsfor devel opers, researchers, and users separately [4].
Moreover, most studies have been evaluated with a limited
number of people invited to the laboratory [2,5,6]. Finally, the
real-time opinions worldwide have not been reflected [4]. In

this study, we propose aspect-based sentiment analysis using
Twitter-derived tweets to complement the shortcomings of the
existing usability evaluations.

The focus of this study was to explore the usability and
sentiment of 1 representative MR headset, Microsoft HoloLens
2, launched in November 2019. HoloLens 2 is the successor
product of the initia version released in March 2016. A
summary of the comparison between the 2 versions of the
HoloLens devices is shown in Table 1. HoloLens 2 has some
significant developments compared with the first model. These
added developments and features contribute to overall user
sentiment. It has new eye-tracking features and gestures.
Furthermore, it also has better depth detection, better memory
storage, amodern Bluetooth connection, animproved USB port,
and amore powerful RAM. Eyetracking enables devel opersto
measure the point of gaze, which benefits eye gaze—based
interactions. Kosciesza[ 7] reported that the gesture sensors can
recognize up to 25 points of articulation from the fingers and
wrist enabling refined object manipulation. In addition,
HoloLens 2 aso offers a better resolution and field of view.
This allows the users to see more without having to turn their
heads. Ergonomically, the device aso has a knob to enable
resizing capabilities for the best fit. A small change in weight
makesit dightly more comfortableto wear for alonger duration.
The visor flips up, allowing users to wear glasses inside if
needed. Thus, HoloLens 2 specifications enable users to
manipulate holograms easily and can be used by people of all
skill levels for various applications.

Table 1. Comparison of HoloLens 1 and 2 (adapted from Kosciesza [7] and recreated).

Specification HoloLens 1 HoloLens 2

Display resolution 1280x720 pixels (per eye) 2048x1080 pixels (per eye)

Field of view 34° 52°

Weight 5799 566 g

Camera 2.4 MP, HD video 8 MP dtills, 1080p video

Audio Built-in speakers; 3.5-mmjack  Built-in spatial sound; 3.5-mm jack

Built-in microphone
Voice command
Eye tracking
Biometric security
Hand tracking

Price

Gestures: press, grab, direct manipulation, touch interaction, scroll with
awave

Memory and storage

4-microphone array 5-microphone array

Yes Yes

No Yes

No Yes

1 hand 2 hands full tracking

US $3000 US $3500 or US $99-125 per month
No Yes

1GB, 64 GB 4GB, 64 GB

In this study, we analyzed tweets extracted from November
2019 to August 2020, for the first 10 months after the release
of HoloLens 2, coinciding with the onset of the pandemic. The
opinions about HoloLens 2 shared on Twitter were classified
based on (1) positive or negative indicators that evaluate the
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usability and sensibility of the MR headset (ie, usability, field
of view, motion sickness, comfort, immersion, cost, and
development) and (2) whether it isan opinion that givesinsight
to MR developers, researchers, and users (yes or no).

JMIR Serious Games 2022 | vol. 10 | iss. 3| €36850 | p. 2
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR SERIOUS GAMES

Thisstudy has4 main contributions. First, through aspect-based
sentiment analysis, it was possible to denote which feature of
HoloLens 2 is helpful for certain fields and purposes. Second,
the proposed usability evaluation may be used to develop new
VR, AR, and MR devices. Third, it enablesrapid analysesusing
real-time data extracted worldwide. Finaly, it facilitates an
analysis of sentiment changes over time, as the use cases of the
HoloLens?, especially in hedth care, expanded with the
pandemic.

Previous Work

Usability Evaluation Casesof VR, AR, and MR Devices

VR, AR, and MR devices have gained popularity, and therefore,
there is much research regarding the use cases of such devices
[4,8]. VRisafully immersive technology that shutsout the real
world and transposes users to a web- or internet-based space
[9]. Incontrast, AR isdefined asareal-time view of the physical
world enhanced by adding virtual computer—generated
information [10]. Finally, MR blendsthe physical world features
of AR and virtua world features of VR to produce an
environment inwhich real and digital objects coexist and interact
[9]. Egliston and Carter [11] investigated the relatability of
Oculus, a VR product by Facebook, to the lives and values of
individuals. Specifically, the researchers used YouTube
comments posted on promotiona videosfor the Oculus. Yildirim
et al [12] compared three different gaming platformsto evaluate
the effect of VR on the video game user experience: (1) desktop
computer, (2) Oculus Rift, and (3) HTC Vive. The applications
of such devicesare not limited to the gaming field. For example,
Bayro et a [13] evaluated the use of VR head-mounted
display-based and computer-based remote collaboration
solutions. Wei et al [14] assessed the suitability of Google Glass
in surgical settings. A substantial amount of the literature
gathered between January 2013 and May 2017 suggested a
moderate to high acceptability of incorporating Google Glass
within various surgical environments. It is also essential to
evaluate the customer base of VR, AR, and MR products to
understand the real-world applications of such devices.
Rauschnabel et a [15] aimed to see what users' personality
traits enableincreased willingnessto adopt VR technology. The
researchers found that consumers who are notably open and
emotionally stable are more aware of Google Glass.
Furthermore, consumers who recognize the high functional
benefits and social conformity of wearables, such as Google
Glass, increase technol ogy adoption. A recent study by Ghasemi
and Jeong [16] introduced model-based and large-scale
video-based remote eval uation tool sthat could be used to assess
the usability of multimodal interaction modalitiesin MR.

Usability Evaluation Cases of HoloLens 1 and 2

Since the launch of HoloLens 1 and HoloLens 2, research has
suggested some good use cases across domains. Hammady et
al [17] studied how HoloL ens provides agood experience when
used in museums. This study highlighted the restricted field of
view in HoloLens and offered an innovative methodology to
improvethe accessibility of the spatial Ul system, thusresulting
in a positive user experience. Hoover et a [18] evaluated the
effects of different hardware for providing instructions during
complex assembly tasks. The researchers noted that HoloLens
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users usually have lower error rates than non-AR users [18].
Xue et a [19] investigated user satisfaction in terms of both
interaction and enjoyment with the HoloLens device. A total
of 142 participants from 3 industrial sectors, including
aeronautics, medicine, and astronautics. The researchers
concluded that general computer knowledge positively affects
user satisfaction despite unfamiliarity with the HoloL ens smart
glasses. Brauer and Mazarakis [20] tested the use of HoloLens
to increase motivation in AR order-picking tasks through
gamification. The researchers found that the participants found
the AR application intuitive and satisfying. Levy et a [21]
discovered that HoloLens 2 is more efficient than HoloLens 1.
Park et al [22] stated that using HoloLens 2 resulted in reduced
variability and elevated the performance of all operators
performing CT-guided interventions, positively affecting this
sector of the health careindustry. Furthermore, Theeset al [23]
explored the impact of HoloLens 1 on fostering learning and
reducing extraneous cognitive processing. This study showed
asignificantly lower extraneous cognitive load during aphysics
laboratory experiment using the HoloLens 1.

Cases of Sentiment Analysis Based on Social Media

Recently, many studies have used Twitter data to perform
sentiment analyses[24]. Carvalho and Plastino [25] highlighted
the challenge of this analysis because of the short and informal
nature of tweets. Guo et a [26] proposed a Twitter sentiment
score model, which exhibits a strong prediction accuracy and
reduces the computational burden without the knowledge of
historical data. The results of this study provided an efficient
model of financia market prediction with an accuracy of
97.87%. Chamlertwat et al [27] proposed amicroblog sentiment
analysis system that automatically analyzes customer opinions
derived from the Twitter microblog service. In the past decade,
the Internet of Things (I0T) has also gained popularity. Bian et
al [28] mined Twitter to evaluate the public opinion of 10T.
Specifically, the researchers collected perceptions of the 10T
from multiple Twitter data sources and validated these
perceptions against Google Trends. Following this, sentiment
analysis was performed to gain insights into public opinion
toward the IoT. Mittal and God [29] examined the causal
relationship between public and market sentimentsusing alarge
scale of tweets and astock market index, the Dow Jones values,
from June 2009 to December 2009. Venugopalan and Gupta
[30] explored tweet-specific features using domai n-independent
and domain-specific lexicons to analyze consumer sentiment.
In addition, Trois et a [31] performed a sentiment analysis
using data from several socia media platforms, including
Twitter, to evaluate factorsthat influence university choice. The
researchers noted that the main variable motivating such
decision was the training offered, followed closely by physical
structure, work opportunities, prestige, and affordability. Nanath
and Joy [32] explored the factors that affect COVID-19
pandemic—related content sharing on Twitter by performing
natural language processing techniques such as emotion and
sentiment analyses. The findings showed that tweetswith named
entities, expression of negative emations, referenced mental
health, optimistic content, and longer length were more likely
shared. Nguyen et a [33] evaluated the association between
publicly expressed sentiment toward minorities and resulting
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birth outcomes. Using Twitter's streaming application
programming interface, the collected and analyzed tweets
showed that mothers living in states with the lowest positive
sentiment toward minorities had the highest prevalence of low
birth weights. Gaspar et a [34] used sentiment analysis
techniques to examine affective expressions toward the food
contamination caused by enterohemorrhagic Escherichia coli
in Germany in 2011. Thefindings highlighted diverse attitudes
(positive and negative) and perceived outlooks (threat or
challenge), thus emphasizing the ability of sentiment analyses
to function as a technique for human-based assessment of
stressful events.

Although many studies use data sets of several hundred thousand
to millions for sentiment analysis, other researchers report
significant findings using <10,000 data points. Myslin et a [35]
collected 7362 tobacco-related tweets to develop content and
sentiment analysis toward tobacco. The findings suggest that
the sentiment toward tobacco was more positive than negative,
likely resulting from socia image, personal experience, and
popular tobacco products. Furthermore, Greaves et a [36] used
sentiment analysis techniques to categorize 6412 web-based
hospital posts asapositive or negative eval uation of their health
care. Using machinelearning, the researchers observed moderate
associations between predictions on whether patients would
recommend a hospital and their responses. More recently,
Berkovic et a [37] andyzed 149 arthritis-related tweets to
identify topicsimportant to individual swith arthritis during the
pandemic and explore the sentiment of such tweets. The results
revedled several emerging themes including health care
experiences, personal stories, linksto relevant blogs, discussion
of symptoms, advice sharing, positive messages, and
stay-at-home messaging. In addition, the sentiment analysis
should address negative concerns about medication shortages,
symptom burdens, and the desire for reliable information.

There have also been several sentiment analysis studies in the
AR and VR domains. For example, Shahzad et al [38] studied
user feedback to evaluate the perception of Fitbit Alta HR
(Fitbit). The researchers found that most users spoke highly
about such a device. El-Gayar et al [39] used socia media
analysis techniques to analyze and categorize tweets related to
major manufacturers of consumer wearable devices. The
analysis provided insight into user priorities related to device
characteristics, integration, and wearability issues.

Benefits of Wearable MR Technologiesin Health Care

With the rapid onset of the COVID-19 pandemic, MR
technologies have become a revolutionary tool in the health
care industry to support educational endeavors, patient care,
and rehabilitation. Martin et al [40] explored the capabilities of
MR technology to enable telemedicine to support patient care
during the pandemic. This study found that the HoloLens2
facilitated a 51.5% reduction in health care workers (HCWSs)
time exposure to patients with COVID-19 and an 83.1%
reduction in the amount of personal protective equipment (PPE)
used. This presents a highly beneficial use of MR technology
to minimize exposure and optimize PPE use for HCWSs.
Furthermore, Liu et a [41] evaluated the use of MR techniques
to improve medical education and understanding of pulmonary
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lesions resulting from COVID-19 infection. The researchers
concluded that the group’s mean task score using 3D holograms
provided by MR techniques was significantly higher than that
of the group using standard 2D computed tomography imaging.
Moreover, the group using MR technology scored substantially
lower for the mental, temporal performance, and frustration
subscales on the National Aeronautics and Space Administration
Task Load Index questionnaire. These results highlight the use
of MR toolsin medical education to improve understandability,
Spatial awareness, and interest and lower the learning curve.
Similarly, Muangpoon et a [42] used MR to support benchtop
modelsfor digital rectal examinationsto improve visualization
and learning. The evaluation of such a MR system showed that
the increased visualization allowed for enhanced learning,
teaching, and assessment of digital rectal examinations. Hilt et
al [43] examined the use of MR technol ogiesto provide patient
education on myocardial infarction. The researchers concluded
that MR technologies act as a practical tool to unite disease
perspectives between patients and professionals as well as
optimize knowledge transfer. In addition, House et a [44]
investigated the use of an MR tool, VS Patient Education, to
provide superior education before epilepsy surgery or
stereotactic el ectrode implantation compared with standard 3D
rubber brain models. The results showed that the MR tool
provided more comprehensible and imaginable patient education
than the rubber brain model. In addition, the patients showed a
higher preference for the VSl Patient Education tool,
emphasizing the benefits of MR tools as the future for patient
education. Overall, the rapid acceleration of MR technologies
has supported the accessibility and quality of care while also
protecting health care staff [40]. When deploying such
technologies, topics such as information security, infection
control, user experience, and workflow integration must be
considered [40]. Such use cases and related requirements must
be incorporated into new policy interventions to ensure
maximum impact by MR technologies.

Methods

Overview

In this study, text data sets were extracted from Twitter. Three
human annotators rated the tweets on a positive, negative,
neutral, and inconsistent scale for different factors. We used an
interannotator and the mean of the ratings to agree with all the
human annotators. The annotated tweets were converted into
numerical data using 4 word-embedding models: bag-of-words,
term frequency—inverse document frequency, Word2vec, and
Doc2Vec. Then, wedivided the data set into training and testing
with a4:1 ratio and further divided into training and validation
in the ratio of 7:3. Our choice to split the data set into the
following ratios was derived from prior work on sentiment
analysis evaluation. Specifically, Khagi et a [45] evaluated the
performance classification accuracy with a7:3ratiowith a5-fold
cross-validation. Furthermore, Singh and Kumari [46] used a
4:1 training to testing ratio for sentiment classification. We used
a stratified random sampling technique to split these data.
Stratified random sampling divides the entire population into
homogeneous groupscalled strata (plural for stratum). Random
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sampleswerethen selected from each stratum. Finally, weused  English; 2630 tweets in Japanese; 102 tweets in French; and
4 classification models to classify the sentiment of each tweet. small portions of German, Spanish, Dutch, and Swedish. A
. . translator from the “googletrans’ library in Python was used to
Data Extraction and Preprocessing tranglate the tweets into English. Googletrans uses the Google
The “GetOldTweets3” library from Python was used to extract  Translate Ajax application programming interface to perform
the tweets. The data corpus consists of tweets posted between  these trandations. This translation was performed to enable
November 7, 2019, and August 31, 2020, shortly after the  human annotators to rate the sentiment and improve accuracy
pandemic, which were filtered based on the hashtag, rather than machine annotators. The data set did not contain
“hololens2,” and relevant terms including “holo lens 2 and  retweets, which would add redundancy to the analysis. Quoted
“hololens 2." We downloaded 8492 tweets, which on average  tweets were included if additional texts were included in the
consisted of 20 words each. This study also considered tweets  search term. Figure 1 showsthe flowchart of the data extraction
in multiple languages. The corpus contained 5379 tweets in process in Jupyter using Python programming language.

Save the tweets
to a DataFrame.

Figure 1. Flowchart of the data extraction process.

Import libraries:
* GetOldTweets3

Set parameters:
* Begin date

Translate tweets to Save output

Extract tweets.

* Googletrans * End date English language. toa .csv file.
« Datetime + Language
* Pandas + Hashtags

After the data collection process, 3 human annotatorsdetermined  Wor d-Embedding M odels
the sentiment of the tweets. Each annotator rated the tweet with
respect to the following aspects: usability, field of view, motion  Bag-of-Words Model

sickness, comfort, immersion, cost, and development. This A bag-of-words model represents a method to describe the
rating was on a scale of positive, negative, neutral, and occurrence of words within a document [47]. It involves two
inconclusive. Positive wasrated if the tweet conveyed apositive  factors: (1) avocabulary of known words and (2) ameasure of
sentiment toward an attribute. Negative was rated if the tweet  the presence of known words. It is referred to as a “bag” of
conveyed a negative sentiment toward an attribute. Neutral was ~ words because the corresponding document is viewed as a set
rated when the tweet did not convey a positive or negative of words rather than a sequence of words. The document’s
attitude toward an attribute. Finally, inconclusive was rated if meaning is often well represented by the set of words, whereas
the tweet had mixed sentimentsor did not have any information  the actual word order is ignored. As such, from the content
rel ated to that specific attribute. Furthermore, human annotators ~ alone, the document’s meaning can be determined. Zhang et a
rated the tweets (yes or no) based on the suitability for insights  [48] developed 2 algorithms that do not rely on clustering and
to MR developers, MR user experience researchers, or MR achieved competitive performance in object categorization
customers and users. compared with clustering-based bag-of-words representations.
They were successful in achieving better results with their
approach. Wu et al [49] proposed a bag-of-words model that
mapped semantically related featuresto the same visual words.
Their proposed scheme was effective, and it greatly enhanced
the performance of the bag-of-words model.

As manually annotating tweets is mostly a subjective process,
there were a few instances where the perspective of different
annotators was not in agreement. Therefore, to address this
challenge, we performed an interannotator agreement. We
quantified each positive, negative, neutral, and inconsistent
sentiment with anumeric value (ie, 1, -1, 0, and 0). Toeasethe  Term Frequency— nverse Document Fregquency
'compu'tation of the interannotator agreement score, the Tpheterm frequency—inverse document frequency (TF-IDF) is
inconsistent |abel was marked as 0 so that the overall agreement 4 yymerical statistic intended to reflect how important a word
score remained unaffected. The mean of these values was 5 g 5 document in a collection or corpus [50]. It is one of the
computed using equation (1): most widely used techniques for key word detection [51]. The
TF-IDF valueincreases proportional ly with the number of times
Xix; aword appears in the document. However, it is essential to not
agreement score = ——,i = number of annotators,  only consider the number of times a given word occurs in a
document but also consider how frequently the word appears
in other documents [51]. For example, certain words, referred
to asstopwords, such as“is,” “of,” and “that” frequently appear
in documents yet have little importance. To compensate, the
TF-IDF valueincreases with the number of timesaword appears
in adocument but is also offset by the occurrence of that word
with a corpus [52]. Peng et al [53] evaluated a novel TF-IDF
improved feature weighting approach that reflected the
importance of the term among different types of documents.
This was achieved by considering the positive or negative set

x; = annotation by the ith annotator (1)

If the mean value was close to -1 and 1, we regarded the
annotator perspective as a match. If the mean value was close
to 0, we marked that the annotators disagreed with the sentiment
conveyed by the tweet. Next, we calculated the average of all
the attributes with respect to a tweet to determine the overall
sentiment. If this average was positive, we classified the tweet
as positive; otherwise, it was classified as negative.
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and weighing the term appropriately. This study showed that
the term frequency—inverse positive-negative document
frequency classifier outperformsthe standard TF-IDF technique.
In addition, the results of this study highlight the importance of
this analysis technique for imbalanced data sets, which, if not
accounted for, could lead to erroneous results [54].

Word2vec

Word2vec is a combination of models, the continuous
bag-of-words and skip-gram, used to represent distributed
representations of words in a corpus C [55]. Word2vec is an
algorithm that accepts a text corpus as an input and outputs a
vector representation for each word [56]. Word2vec outputs
word vectors that can be represented as a large piece of text or
even the entire article [57]. Unlike most test classification
techniques, Word2vec uses both a supervised and unsupervised
approach. In particular, it is supervised as the model derives a
supervised learning task using continuous bags or words and a
skip-gram. Furthermore, it isunsupervised, given that any large
corpus of choice can be provided [58]. Word2vec cannot
determine the importance of each word within a document;
therefore, it is challenging to extract which words hold higher
importance, comparatively [58]. Ma et a [59] applied the
Word2vec technique in big data processing to cluster similar
dataand reduce the dimension. Theresults showed that training
datafed into Word2vec decreased the data dimension and sped
up multiclass classification. Lilleberg et a [58] found that a
combination of Word2vec and TF-IDF outperformed TF-IDF.

Doc2Vec

Doc2Vec also uses an unsupervised learning approach to learn
document representation [60]. It can be used to identify
abnormal comments and recommend relevant topics to users
[61,62]. The input of texts (ie, words) per document can be
varied, whereas the output is a fixed-length vector [59]. Itisa
modified version of the Word2vec algorithm using paragraph
vectors[63]. Paragraph vectors are unique among al documents,
whereas word vectors are shared among all documents. Word
vectors can be learned from different documents. Word vectors
will be trained during the training phase, while paragraphs will
be thrown away after that. During the prediction phase,
paragraph vectors will be initialized randomly and computed
using word vectors. The main difference between Doc2Vec and
Word2Vec is that the latter computes a vector for every word
in the document, whereas Doc2Vec computes a vector for the
entire document in the corpus. Using Word2Vec and Doc2Vec
together will yield significantly better results and promote a
thorough study of any document.

Classification Models

Logistic Regression

Thelogistic regression model isbased on the odds of the binary
outcomes of interest [64]. For simplicity, one outcome level is
designated as the event of interest. In the following text, it is
simply called the event. The odds of the event are the ratio of
the probability of the event occurring divided by the likelihood
of the event not occurring. Odds are often used for gambling,
and “even odds’ (odds=1) correspond to the event happening
half thetime. Thiswould bethe casefor rolling an even number

https://games.jmir.org/2022/3/e36850

Jeong et al

on asingle die. The odds for rolling a number <5 would be 2
because rolling a number <5 is twice as likely as rolling a
number 5 or 6. Symmetry in the odds is found by taking the
reciprocal. The odds of rolling at least a5 would be 0.5 (=1/2).
Thelogistic regression model takes the natural logarithm of the
oddsasaregression function of the predictors. With 1 predictor,
X, thistakestheform In[odds(Y =1)]=B0+B1X, wheren stands
for the natural logarithm, Y isthe outcome, where Y=1 occurs
when the event occurs and Y=0 when it does not, 0 is the
intercept term, and 31 represents the regression coefficient, the
change in the logarithm of the event odds with a 1-unit change
in the predictor X. The difference in the logarithms of 2 values
is equal to the logarithm of the ratio of the 2 values. Thus, by
taking the exponential of (1, we obtain the odds ratio
corresponding to a 1-unit change in X. The logistic regression
model has been used in many social media—based sentiment
analysis studies [65-67].

Random Forest

Random forest is an ensemble learning method based on the
decision tree algorithm [68]. It uses multiple decision treesand
merges them to provide absolute and stable outcomes, mostly
used for training and class output. Many previous studies
successfully used the decision tree and random forest algorithms
for sentiment classification of social mediadata[69-72].

XGBoost

The XGBoost (eXtreme Gradient Boos) isascalable end-to-end
tree boosting system for tree boosting, which uses a sparsity
aware algorithm to handle sparse data sets [73]. Although the
XGBoost uses arepresentation similar to that of random forest,
the prediction error issignificantly lower than that of the random
forest. Gradient boosting is an approach where new models are
created that predict the residualsor errorsof prior models, which
are then added together to make the final prediction. Itiscalled
gradient boosting, as it uses a gradient descent algorithm to
minimize the loss when adding new models. The gradient
boosting algorithm achieves results faster and performs
efficiently compared with other algorithms. Aziz and Dimililer
[74] used an ensemble X GBoost classifier to enhance sentiment
analysisin social mediadataand demonstrated an improvement
of the sentiment classification performance.

Support Vector Machines

A support vector machine (SVM) isasupervised learning model
for 2-group classification problems by locating ahyperplanein
amultidimensional space that clearly separates the data points
[75,76]. The main purpose of SVM is to determine an optimal
separating hyperplane that not only separates the data but also
ensures that the margin to the data on both sidesis as large as
possible. First, an optimal solution in alow-dimensional space
that can aptly separate the data is evaluated. If this is not
possible, the data are mapped to a high-dimensional space by
using nonlinear transformation methods. From this, a valid
kernel function is selected to determine the optimal linear
classification surface. It is highly efficient in separating data
into different classes. This allows us to group words into
different categories, which helps us access the words easily.
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The SVM model has been used in various sentiment analysis
studies and has produced high classification accuracy [77-79].
Ethics Approval

This research does not require ingtitutional review board
approval because the project does not include any interaction
or intervention with human subjects.

Results

Model L earning and Performance

Once we determined the classified sentiment for each tweet, we
trained amodel for sentiment analysisusing supervised learning.
First, we evaluated the imbalance in the data set: 527 positive
tweets and 229 negative tweets. We collected data from 516
unique users in this study. The minimum number of tweets per

Jeong et al

user was 1, whereas the maximum was 18. The average number
of tweets per user was 1.50 (SD 0.3).

To perform supervised learning, it was necessary to preprocess
the data. We cleaned the data by removing punctuations, stop
words, single characters, and uneven spaces, converting the
data to lower case; and stemming on these data. Following
preprocessing, we tokenized the data using 4 different
techniques: bag-of-words, TF-IDF, Word2vec, and Doc2Vec.
Table 2 liststhe performance of each model with different word
embeddings over atraining test ratio of 80:20. Thistable shows
that the bag-of-words tokenizing method using arandom forest
supervised learning approach produced the highest accuracy of
the test set at 81.29%. Furthermore, Textbox 1 summarizes the
top words that contribute toward sentiment classification. This
textbox highlights various words contributing to sentiments,
such as“problem,” “mess,” and “error” for negative and “nice,”
“love,” and “achieve” for positive.

Table 2. The performance percentage of each model with different work embeddings.

Method and set Logistic regression Random forest XGBoost svm?
Bag-of-words
Validation 69.18 72.79 65.40 69.72
Test 69.03 81.29 72.25 75.48
TF-IDF?
Validation 69.72 74.05 62.16 70.81
Test 74.83 76.12 74.83 78.70
Wor d2vec
Validation 65.40 68.10 68.84 67.02
Test 72.25 74.83 77.41 71.61
Doc2Vec
Validation 66.48 67.56 66.48 68.10
Test 70.32 67.74 70.32 69.03

83V M: support vector machine.
bTE-IDF: term frequency—inverse document frequency.
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Textbox 1. Most significant words used in the sentiment analysis.
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Insights From the Per spective of the COVID-19
Pandemic and Health Care

Following the determination of an appropriate classification
model, we evaluated the reasoning for positive or negative tweet
classification. Upon investigation, words like “COVID,”
“pandemic,” “patients,” and “health care” were all associated
with the positive sentiment. Further evaluation showed that the
use of HoloLens 2 is highly encouraged in the health care
industry in several respects. First, tweets showed the use of
HoloLens2 to enable virtua appointments in times of
unprecedented crisis. As such, HCW found HoloLens2 to be a
vital tool to improve safety and quality of carewhile also being
easy to set up and comfortable to wear. This finding is
significant as it supports previous studies evaluating the
capabilities of MR technology to permit telemedicine [4Q].
Other twests highlighted the use of HoloLens2 to facilitate
education and training during the pandemic. Specificaly, the
HoloL ens2 enabled HCW to practice coronavirusidentification
in a socialy distanced manner, which minimized the risk of
contact and transmission. Similarly, this finding is significant
as it supports prior works relating to the use of MR tools to
improve medical education and understanding [41-43]. The
following are examples of tweetsthat qualitatively support these
insights:

1. We are revolutionizing heathcare using @Microsoft
#HoloLens2 to deliver remote care in #COVID19! Staff
found it easy to set up, comfortable to wear, improved
quality of care. #Hololens2 is helping keep our
#healthcareworkers stay safe on the frontline!

2. “Use of #HoloLens Mixed Reality Headset for Protecting
Health Care Workers During the #COV1D19 Pandemic”:
Prospective study used @Microsoft HoloL ens2 to support

https://games.jmir.org/2022/3/e36850

remote patient care for hospitalized patients. Reduced
exposure time by 51% & PPE usage by 83%:

3. Nowadays #medical industry getting lots of advancement
with recent tech. There are many notable advantages of
#Microsoft #HoloLens that prove that the future of
#heathcareisheavily reliant on #MixedReality technology
#MR #XR #Hololens2 #AR #Remote

4. #HoloLens2 helps safely train doctors to identify
#coronavirusin patients. #MixedReality offersthe perfect,
socially-distanced or remote training experience,
minimizing contact, risk and transmission.

5. Useof theHoloLens2 Mixed Redlity Headset for Protecting
Health Care Workers During the COVID-19 Pandemic:
Prospective, Observational Evaluation

Changes in sentiment toward HoloLens2 throughout the
pandemic were also evaluated. In November 2019, when
HoloLens 2 was released, there was no significant difference
in the positive and negative sentiment (Figure 2). Thisislikely
caused by consumer delay to learn about the product’s arrival
in the market supported by the low tweet volumes of both
positive and negative sentiments. In December 2019 and January
2020, a significant increase in the positive view was observed,
likely caused by consumer interest in the newly released product.
In February 2020, the onset of the pandemic occurred, which
resulted in the severely affected sales of consumer goods. This
period aligns with the drop in general sentiment on both sides.
However, the general sentiment of HoloLens 2 seems to be
positive despite affected sales. In May 2020, therewas asudden
increasein positive sentiment. It ishypothesized that consumers,
especialy in health care, noticed the device's benefits to
minimize the risk of contraction and transmission. Following
this significant change in sentiment, the negative sentiment
toward the device almost dropped to O, highlighting the
continued positive role of HoloLens2 during the pandemic.
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Figure 2. Tweet sentiment over time.
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Insightsfor MR Developers, Researchers, and Users

Figure 3 breaks down the tweets into useful insights for MR
developers, defined as individuals developing features of the
technology, researchers, defined asindividual s using the device
for research endeavors (ie, usability analyses), and users, defined
as individuals using the device for leisure. The green bars
represent tweets classified as suitable insights, and red bars as
not suitable. Furthermore, we calculated the net insights,

Month

indicated by the black line, as the suitable insights (yes) minus
the not suitable insights (no). In the first few months, the data
are distributed equally on both sides, and the net insight is
approximately 0. In May 2020, there is a drastic differencein
the distribution. We presume that this sudden chargeis because
of thelargely changing technol ogy uses caused by the pandemic.
Following, we predict that the steady increasein suitable insights
results from individuals becoming more acclimated to the
technology-driven, remote lifestyle.

Figure 3. Suitability of tweetsto provide insights to mixed reality (MR) developers, researchers, and users after its release.
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Analysis of HoloL ens2 Characteristics

Table 3 shows the net sentiment of various factors related to
HoloLens 2 over the analyzed period. Furthermore, Figure 4
illustrates the number of positive sentiments as green bars,
negative sentiments as red bars, and net sentiment as the black
line for all factors. We calculated the net sentiment as the
number of tweets with positive sentiment minus the number of

Table 3. Stacked net sentiments related to various factors over 10 months.

Jeong et al

tweets with negative sentiment. The results show that net
sentiment isexclusively positivefor al factorsin all the months
studied. It shows a positive trend in usability, field of view,
motion sickness, comfort, immersion, cost, and devel opment.
All these factors contributed to positive sentiment toward
HoloLens 2. This trend can be credited to the impact of the
COVID-19 pandemic as the number of people depending on
this device increased.

Month Usability Field of view Motion sickness Comfort Immersion Cost Development
November 19 +15 +15 +15 +15 +15 +11 +15
December 19 +20 +32 +34 +26 +34 +28 +32
January 20 +90 +100 +106 +110 +106 +102 +100
February 20 +35 +39 +41 +39 +39 +39 +39
March 20 +28 +30 +30 +28 +30 +28 +22
April 20 +12 +24 +24 +24 +24 +20 +12
May 20 +235 +249 +257 +253 +251 +251 +219
June 20 +45 +45 +45 +45 +45 +39 +35
July 20 +72 +82 +88 +84 +82 +70 +52
August 20 +101 +123 +123 +121 +121 +109 +97

Figure 4. Positive, negative, and net sentiments related to various factors over 10 months.
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Discussion

Principal Findings

The bag-of-words tokenizing method, using a random forest
supervised learning approach, provided the highest accuracy of
the test set at 81.29%, according to the results of our sentiment
analysis. Furthermore, the findings reveal an apparent shift in
public opinion during the pandemic. Consumer products were
significantly affected during the pandemic's start, which
coincided with a dip in both positive and negative emotion.
Following that, there is a sharp increase in positive feeling,
which isthought to be because of the device's new applications
in health care teaching and training. This coincides with
significant shifts in the number of practical insights for MR
developers, researchers, and users, as well as positive net
attitudes for HoloLens 2 features.

Twitter is one of the most popular social media platforms
worldwide. In this study, tweets related to HoloLens 2 were
obtained; however, they did not cover al opinions. We only
used tweets with the hashtag “hololens2.” Therefore, many
tweets related to this topic, without the hashtag, might have
been left out. In addition, this resulted in a relatively small
sample size comparatively. Furthermore, someindividuals might
use other platforms to state their opinion about a particular
device. For example, someindividualstend to make reviews or
first-opinion videos of devices on platforms such as YouTube,
which generate much discussion in the comments. These
comments also contribute to consumer perceptions of the
product. In addition, we could have explored other social media
platforms, such as Instagram and Facebook. The literature
supports the use of YouTube, Instagram, and Facebook for
sentiment analysis. For example, sentiment analysis has been
studied to determine the most relevant and popular video on
YouTube according to the search [80]. Furthermore, a deep
neural network can be used to propose a sentiment analysis
model of YouTube comments [81]. Other researchers used a
sentiment analysistool to measure the proposed social value of
each image [82]. Ortigosa et a [83] stated that adaptive
e-learning systems could use sentiment analysis to support
personalized learning. Adding additional platformsin this study
would contribute to a greater understanding of consumer
perception. Finally, the extent to which the data were sampled
may introduce some biases. Lessthan half of the adultsregularly
use Twitter; individuals between the ages of 18 and 29 years as
well as minorities are highly represented on Twitter compared
with the general population, and Twitter consists of almost
entirely passive users (<50 tweets per year) and very active
users (>1000 tweets per year) [84]. Therefore, these limitations
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may have resulted in certain samples of the population being
more represented than others.

The onset of the pandemic occurred from February 2020. During
the first couple of months, we observed a sudden increase in
the popularity of HoloLens 2, which was primarily attributed
to new use casesin the health carefield. In addition, this change
can likely be credited to the large shift to working or studying
from home. Thisanalysis covered only aportion of the pandemic
when the world began adapting to new routines, technologies,
and lifestyles. It would have been beneficial to include tweets
made a couple of months after August 2020, as this was the
period when people were more adapted to working and studying
from home. Including more months would provide increased
insight on user sentiment over time through the pandemic,
enabling a more thorough understanding.

Conclusions

In this study, we used aspect-based sentiment analysisto study
the usability of HoloLens 2. We extracted data from Twitter
based on the hashtag “hololens2” to explore user perception
about HoloL ens 2. We accumul ated 8492 tweets and translated
the non-English tweets into English using the “googletrans’
library in Python. After the data collection process, human
annotators rated the tweets on a positive, negative, neutral, and
inconsistent scale for 7 different factors and determined the
suitability of the tweetsto provide insights for MR devel opers,
researchers, and users. We used an interannotator and rating
average to ensure agreement among the human annotators. The
results show aclear indication between the positive and negative
sentiments toward HoloLens 2. Specifically, we observed that
the positive sentiment toward the device grew during the onset
of the COVID-19 pandemic, whereas the negative sentiment
decreased. By separating the most popular words from both
sentiments, we identified the positive and negative aspects of
the device. We aso observed that HoloLens 2 was highly
encouraged in the health care industry. A close evaluation of
tweets found that HoloLens 2 enabled virtual appointments,
supported medical training, and provided patient education. As
such, thisthematic analysis showed that HoloL ens 2 facilitated
socia distance practices, which largely minimized the risk of
contraction and transmission. The findings of this study
contribute to amore holistic understanding of public perception
and acceptance of VR and AR technologies, especialy during
the unprecedented COV1D-19 pandemic. Further, thesefindings
highlight several new implementations of HoloLens 2 in health
care, which may inspire future use cases. In future work, more
data from various social media platforms will be included and
compared to improve the effectiveness of this process.
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